ABSTRACT The main purpose of this paper is to design a scientific-based probabilistic model based on Markov chains, to calculate reliability indicators, such as mean time between failure (MTBF) and mean time to failure (MTTF) based on probabilities, to compute failure rates based on statistical data, and to provide an algorithm to calculate the maximum number of interruptions and the maximum duration of one interruption for a photovoltaic power plant (PV-PP) meant to improve the operation and maintenance (O&M) activities and optimize the stocks of the spare parts. Over almost two years, events are recorded at PV-PP Agigea with an installed power of 0.5 MW. The predictive maintenance of future events and stockpile sizing at the PV-PP Agigea are developed taking into account the maintenance activities carried out at the plant's components since the commissioning of the PV-PP Agigea. Based on the PV-PP data and the intervention reports that consist of the incidents recorded between February 2016 and December 2017, it is intended to determine by statistical methods the following basic reliability indicators: failure rate, usually symbolized by λ, defined as the average number of failures on time unit, and the maximum number of interruptions (N max ) eliminated through repairs or replacements during the reference period, determined for a certain level of risk.
I. INTRODUCTION
The PV installed capacity has been grown rapidly since 2010 [1] , as in Figure 1 , meaning that PV technologies are not yet mature and gradually have advanced during the past eight years. In Europe, it was actually a direct consequence of the European Union (EU) strategy [2] to promote by various incentives and integrate more green energy into the power systems, replacing conventional sources and reducing pollution and EU energy dependency. The EU still strongly sustains this policy and even imposed new targets for renewables.
The associate editor coordinating the review of this manuscript and approving it for publication was B. Chitti Babu. on ground and rooftops, is described in [9] . However, these solutions are still incipient and not developed on open and scalable platforms to be customize for different types of PV-PP and does not currently integrate image processing or optimization algorithms to provide a complete support of O&M activities.
Reliability means the ability of an item, device or plant to perform its function as specified under given circumstances over a given reference period. The notion of reliability is synonymous with the notion of safety in operation. A new reliability indicator to show the feasibility of a hybrid renewable energy systems (solar and wind) is proposed in [10] . It corresponds to the minimum hourly electric power generated by the hybrid renewable energy system using a probabilistic approach. The proposed indicator measures the system reliability by maximizing the use of renewable sources.
Paper [11] is one of the few researches that estimates the failure rates by components/equipment or elements. It shows the relative impact of the incidents on the PV power plant output through actual O&M data recorded at 15 PV-PP in Spain and Italy for more than a year. It is concluded that the energy losses due to failures are about 1%, while energy losses due to inefficiency due to a suboptimal performance of one or more equipment of the PV-PP are between 22-28% of the net energy yield.
The reliability of a 250 W PV micro inverter is analyzed in [12] . Based on its components, using MIL-217F N2 method, the failure rate and the reliability indicator MTBF are calculated. The authors also considered the temperature effects on the component failure rate for each inverter, obtaining a weighted failure rate. Similarly, the calculation was repeated for the main circuits of a 4.6 kW and a 4.5 kW multi-string inverter and the failure rate was obtained
It is well-known that the reliability characteristics of PV modules heavily depend on environmental conditions, but the conventional reliability model is based on a time interval of reference and measures the probability for operation without failure during the given interval. In [13] , the authors propose a reliability measurement including environmental conditions and provide a model with various statistical distributions that may lead to more precise prediction of the reliability and life time of PV-PP and its components.
An extensive PV field reliability state of the art was reviewed in [14] . The authors found that degradation appears to decrease considerably in newer PV installations after the year 2000. This depends on different manufacturing, installation quality and also environmental particularities. The highest inconveniences of PV systems installed in the last 10 years seem to be hot spots and internal circuitry discoloration that are more related to the specificity of the PV system location.
Paper [15] investigates the reliability of new topologies for a PV module-integrated inverter. The authors propose a new approach to determine MTBF and other reliability indicators based on MIL-HDBK-217 stress factor method. It considers inverter model usage, the statistical distribution of predicted operating temperature and power, rather than a single operating point. The approach was implemented within a reliability comparative study for a six-inverter topologies, showing the impact of each component on the reliability of the inverter.
A Markov reliability model to compute inverter's reliability is proposed in [16] that was afterwards extended to generate a unified PV-PP energy yield model. The proposed approach was used to investigate and compare conventional central inverter to micro-inverters. The results of the case study showed that the micro-inverters are more efficient as compared to conventional central inverters. Also, the energy yield is more sensitive to the repair period compared to MTBF of the inverters.
For performance monitoring, technical key performance indicators (KPI) framework is required for determining the following indicators: energy performance index, equipment forced outage rate, system availability, degradation rate at different component or system/frequency levels [17] . The KPI framework will also include [18] : performance ratio (PR), temperature-corrected PR, energy yield, power performance index, operating efficiency, equipment equivalent availability factor, equipment equivalent forced-outage factor. Thus, MTBF and MTTB are considered as relevant KPI for O&M activities assessment.
Usually, the following classes of PV-PP faults that affect the KPI are identified: i) module faults: hot spots, diode failures, full module failures, junction-box heating, cracked modules, ethylene vinyl acetate fogging, yellowing, antireflective coating degradation, acute soiling, etc.; ii) array and system faults: fuse, module-connector and inverter failures, reverse polarity wiring, major maximum power-point tracking faults; iii) racking and balance of system: major racking shifts, systemic shading, major erosion. Generally, inverter faults are the most common cause of system downtime in PV [19] . Therefore, the preventive maintenance of inverters should be treated as a centrally important part of the O&M plan. Condition-based maintenance is based on real-time data to schedule preventive measures such as cleaning, or to head off corrective maintenance problems by anticipating failures VOLUME 7, 2019 or catching them early. According to the maintenance plan, the stocked spare parts are be sized in order to facilitate a rapid response in the event of equipment failure. The stocks should be justified by the benefit they bring in reducing plant downtime and avoiding revenue loss.
In case of the power plants using renewable energy, the maintenance costs are one of the most significant operational costs and therefore, the power plants' owners are focused on diminishing of these costs as much as possible, but this action must be properly planned because a low quality of maintenance may end up in a significant reduction of electricity production and thus a significant reduction of the income. In the opinion of the authors of this paper, todays' dominant current goes for the statistical approach in solving the complex problems raised by this issue. By statistical approach, we understand a continuous process of operation monitoring and statistical indices update, performed periodically starting with the commissioning moment.
The maintenance process itself is divided in three types of activities, each one of them with significant financial impact on the operational costs: preventive maintenance, grouping the equipment checking activities and the necessary reparations, periodically performed, following schedules; corrective maintenance, grouping the reparation activities performed when necessary following one or more equipment outages; and spare parts stocks available at power plant level having a direct impact on the duration of the reparations (both preventive and corrective) and thus on the lost electricity production related to the interruption. It has to be mentioned that the spare parts stocks have to cover both the necessities of the preventive and corrective maintenance.
When dimensioning the spare parts stocks, one has to consider the following aspects: available storage capacity, the impact of a missing spare part on the electricity production loss, acquiring price of the spare parts and the duration for purchasing or borrowing and providing a spare part at the location of the power plant. Considering the complexity of the problem an adequate mathematical methodology is required. Based on the experience provided by monitoring PV-PP Agigea, the authors consider that the usage of the reliability indicators allows the power plants owners to properly size the spare parts stocks and thus control the maintenance costs.
II. METHODOLOGY
The paper is organized by following sections: 1. Introduction containing a brief context depiction and literature survey; 2. Methodology; 3. Case study: PV-PP Agigea 0.5 MW and 4. Conclusion.
In the current section, we develop a methodology that is graphically represented in Figure 2 . In subsection 2.1, we design a probabilistic model of reliability based on Markov chains and, in subsection 2.2, we analyze the reliability indicators (mean values) based on probabilities. In subsection 2.3, we propose an algorithm for reliability maximum values calculation that consist in the maximum number of interruptions Nmax and maximum duration of one interruption TFmax. Since the PV components' technologies are not yet mature (compared to other equipment such as line, transformer, etc.) and they differ based on PV-PP size [11] and environmental conditions, in subsection 2.4, we also propose a statistical calculation method of the failure rates based on historic events or incidents.
Section 3 is dedicated to the case study: PV-PP Agigea 0.5 MW. Its structure and components are briefly presented in subsection 3.1. Then, in subsection 3.2, the reliability analyses for PV-PP Agigea start by investigating the historical incidents over the almost two years (2016 and 2017). In subsection 3.3, input data is presented describing the main events that took place and lead to the failure of the PV-PP. The failure rates by components or equipment and sensitivity analyses considering a higher number of incidents and different levels of error for PV-PP Agigea located in Dobrogea area, in Romania, are calculated based on the statistical approach in subsections 3.4 and 3.5. Also, reliability indicators (mean values, such as: MTBF, MTTF and maximum values: Nmax, TFmax) are determined, in subsection 3.6, leading to an indicative stock of spare parts for PV-PP Agigea. In section 4, the main conclusions are drawn. The brief overview of the flowchart of this paper is presented in Figure 2 . 
A. PROBABILISTIC MODEL OF RELIABILITY BASED ON MARKOV CHAINS
In probability theory [20] , the basic notions are the experiment (in the current sense), the events as a result of the experiment and the probabilities of realizing the events. The event is a mathematical abstraction that can be seen as the result of an experience. For example, if a device is in operational state, we say that the event defined as ''the equipment operates'' marked A; if that equipment does not operate, we say we have a complementary event to A noted withĀ. The experiments treated by probability theory have a random character rather than a deterministic character.
So the probability of an event A is defined as the ratio between the number of situations favorable to the event and the number of possible situations:
From the definitions of the probabilities, the axiomatic definition of Kolmogorov is: a) A field of events always corresponds to an experience (events that may occur as a result of that experience). b) Each event A of the field corresponds to a positive number P(A) called probability of event A that meets the following conditions:
• is between 0 and 1: 0 ≤ P(A) ≤ 1;
• the probability of the sure event is 1;
• the probability of meeting two incompatible events is equal to the sum of the probabilities of the two events:
Some of the significant definitions and terminology considered in this paper are given in [21]- [23] .
The operation of any element of an energy system (photovoltaic panel, transformer, inverter, line, etc.) is characterized by a succession of states describing the normal operation or failure modes.
Due to the probability nature of the states through which the installation passes, it can be admitted that the evolution of the process is described by a random behavior. The evolution of the process is defined by a family of variables describing the process trajectory.
Knowing the states of the system at t 1 , t 2 , . . . , t n contributes to knowing the state at time t by collecting data about the state from the previous moments, but all contained in the most recent state, i.e. the state from the moment tn. It should be borne in mind that in general a system can be in a certain state through several successions of states, how the system has come here influencing its later function, and thus the indicators that characterize the reliability of the system for the t n moment.
The process that has such an evolution characterized by the fact that the state in which the system will go depends both on its state and the way the system has reached that state is called a Markov process. In case of a Markov process [24] , we will denote with P(t, e, θ, ξ ) the probability that the process is in the state ξ at the moment θ knowing that the same system was in the state e at the moment t. A Markov process is called homogeneous over time, if P probabilities are not affected by a translation over time, whatever t 1 value is, for instance:
However, Markov processes that are not homogeneous are called discrete Markov processes or Markov chains. The technological scheme of any power plant consists in facilities and equipment arranged in a certain configuration that provide different functions in order to accomplish the final goal of the entire compound which is the generation of electricity in this particular case. Various possible combinations of components in operation, decommissioned or repaired as a result of failures define the states through which the power plant may evolve. Some of these conditions lead to the fulfillment of the power plant operational goal and are called success states and others lead to the total or partial failure of this function and are called failure states or defect states. During the operation, the ensemble moves from one state to another as some of its components fail, some restart as a result of repair, and others are replaced.
Under normal operating conditions it is considered that the failure of an item or its re-entry into service after a repair does not depend directly on time, but only on the time of their entry into service or their entry into repair. This kind of assumption corresponds to homogeneous Markov processes.
If we denote by {x(t); t > 0} the family of variables that characterize the finite Markov chain with continuous time and with P{x(s) = i} the probability that at time t = s the system is in the state i (where i is a state in which the system can be), we denote by p ij (s; s 1 ) the probability that the system will be in the state j at the moment s 1 knowing that it was in state i at the moment s, where s < s 1 :
If s=s1, it is deduced that: p ij (s; s) = δ ij where δ ij is the symbol of Kroneker (having the value of 1 if i = j and 0 if i = j).
We designate the transition matrix between states i and j, corresponding respectively to the moments s and s 1 by [p ij (s; s 1 )].
Considering the moment s 1 = s + t, one can deduce that the probability for the system to be in the state j at the moment s + t is computed as following:
where N is the number of the possible states of the system. For homogeneous Markov chains, the probabilities of transition p ij satisfy the equation:
where we have denoted the transition matrix [p ij (t)] with p(t) and we consider
If we derive (6) related to the variable s, in the point s = 0, we get:
which is in fact a system of differential equations.
Introducing the notation q = p'(0) in (7), one can see that knowing the matrix q allows the computation of the matrix p. The values of the elements of the matrix q are following the rules indicated in (8) .
As we can see, if the matrix q is known from the system of differential equations represented in matrix form, the probabilities p j (t) can be determined.
The matrix of transition probabilities p is a square matrix of the order N (as the number of possible states of the system) whose elements p ij represent the probability that the system being in state i will pass to state j. The elements of this matrix have the following properties: the elements of the matrix have the nature of probabilities (they are positive with values between 0 and 1) and the sum of all the elements of each line is 1.
The failure of any element is an event whose probability of realization in the time interval t has value λ t. Similarly, repairing any element is an event whose probability of realization in time interval t has the value µ t, where µ is the repair rate. However, the probability of producing two events simultaneously in the time interval is considered null.
For reliability analyses of the complex systems, the Markov chain method is a very powerful tool that allows us to create a model of the system behavior and also to assess the probabilities and other important parameters for each of the states. For a better understanding of this issue, in the first step we will use the simple example of an element having the fault intensity λ and the repair intensity µ. In this particular case the Markov chain has only 2 states:
• 0 state -the element is in operation;
• 1 state -the element is in failure state. The transition probabilities are calculated according to:
and therefore the q matrix will be:
Starting from q matrix, one can draw a graph of states that illustrates the possible states and the way in which the transition between these states takes place; the nodes of the graph represent the possible states, and if the transition from state i to state j is possible in reality, an arch is drawn between the nodes corresponding to these states. Each arch has the significance of a transition and has an associated number equal to q ij . The states graph is presented in Figure 3 . In order to assess the values of the probabilities, one has to solve the differential equations system:
The first equation is a non-homogenous differential equation and its solution is:
where A is a constant value that is determined by the initial values.
A particular solution of the non-homogeneous equation is obtained for P 0 (t) = constant:
Correlating (12) and (13), we obtain:
In case the initial state of the system is state 0, then P 0 (0) and P 1 (0) have the values 1 and 0, respectively:
or
In case of a system with N possible states, the Markov chain is composed of the following states:
• 0 state -all the elements of the system are in operation;
• i state -corresponds to the element i in failure state with the rest of the elements in operation. The transition probabilities are calculated according to:
and the graph corresponding to this system is shown in Figure 4 . Assuming that in the initial state the system was operational, the system of differential equations shown in (11) is changing as shown in (18) [20] , [24] :
The solutions of the equation system (18) are the following:
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For the particular case when we consider all the repair intensities µ equal to 0, the probability function of operation until the first failure will be assessed and based on this function one can assess the MTBF that is a significant reliability indicator for large and complex systems in general and for power sector in particular. Thus, based on (19), we obtain:
where T F is the operation time.
B. CALCULATION OF THE RELIABILITY INDICATORS
As a consequence of the complexity of the systems in the power sector, in practice not only the state 0 is a successful state, but also in some other states the system may accomplish its main goals and therefore one can consider these states as successful. From this point on, we are making the assumption that in the states 1, 2, . . . , s the system is able to fulfill his main functions and goals and, therefore, we will consider these states as successful ones. The rest of the possible states of the system s + 1, s + 2, . . . , N , there will be considered as failures or failure states. The group of system states 1, 2, . . . , s will be merged as a single state called successful state and we will define the probability that the system to be in one of these states as P S . The group of system states s + 1, s + 2, . . . , N will be similarly merged in a single state called failure state and similarly we will define the probability that the system to be in one of these states as P F .
Based on the mathematical aspects showed in previous section, one can notice that the values of the two probabilities can be calculated as following:
Although these probabilities have significant scientific value, they are very difficult to be used in practice as such. Under these conditions, based on the values determined for P S and P F , the following reliability indicators have been developed:
• Mean total duration of the successful operation over the
• Mean total duration of the failure over the reference
• Mean total number of failures during the reference
• Mean duration of a successful system state (average
• Mean duration of a failure solved by repair or replace-
• Probability of uninterrupted operation over a time inter-
• Mean number of failures eliminated through repair and replacement during the reference period T, the duration which exceeds a critical duration denoted with T C .
The main purpose for these indicators is to describe and quantify more '' user friendly'' the behavior of the system and thus to be much easier to use in practice. They provide quality information on the behavior of the system, but by their nature (average values) they may create difficulties if they are used in the decision making process. To improve this, one of the solutions would be to use maximum values instead of average values. Calculating the maximum value of a random variable requires the following inputs:
• the parameters λ and µ used to determine the mean values;
• the distribution law for the random variable for which we calculate the maximum value;
• a level of error that is acceptable for the user purposes also called risk. Statistical analyses use different probabilistic models called distribution laws that characterize random variables and which are probability functions. The probability distribution law is therefore a mean of modeling the behavior of the systems. The Poisson distribution law also called the law of rare events was developed by the French mathematician Simeon Denis Poisson in 1837. The main features of this distribution law are the following: VOLUME 7, 2019 • the occurrence of an event is very rare so the events are distant in time;
• events occur independently one from another and with a constant frequency regardless of the length of time used for the analysis or the start time;
• the number of events is proportional with the observation duration;
• in a sufficiently small interval, the likelihood of achieving more than one event is negligible in relation to the probability of achieving a single event. The features presented above are in good agreement with the characteristics of the power systems, which makes this law the most suitable for the analysis of their operation, and thus we consider for the calculation of the maximum values.
In order to assess the maximum values, another important parameter is the error we are ready to accept in this assessment. Obviously discussing about the random variables, a 100% precise assessment is impossible and, therefore, we have to establish what level of risk or uncertainty is suitable for the purpose of our analysis. In case of the Poisson distribution law, the number of events is proportional only to the duration of the observation interval, which corresponds to the hypothesis that λ = constant.
Considering that:
where: m -number of events occurred during the observation interval T ;
M -total number of equipment of the statistical population;
T -observation duration. In this case, instances where Stirling's equation applies are [25] , [26] :
and the probability of k events occurrence is, according to Bernoulli:
where: p + q = 1 p -success probability; q -failure probability.
Considering that for M >> 1 and r = 1, we get:
If we consider the notation λ = M × p and perform the substitution q = 1 − p, then:
For M → ∞, one gets:
and further on:
Thus, for assessing maximum values for the number and duration of failures the following equations are [27] :
where: r -accepted risk (error) level; N max -maximum number of failures expected during the reference duration T ;
T Fmax -maximum duration of one failure during the reference duration.
According to [27] , for the maximum duration of one failure one can also use the simplified formulas showed below, if the risk level is lower than 63%, which is usually the case in the power sector analyses.
C. RELIABILITY CALCULATION ALGORITHM
The proposed reliability algorithm that uses Markov chains is given in Figure 5 . The required input data for modeling the nodes are: number and name of the node, equivalent λ (failure rate) and µ (repair or replacement rate) for busbars, type of the node (load or generation), reserve element and its state (on or off), voltage level of the busbar and the length of the overhead lines directly connected to the busbar lines. The required input data for modeling the connections between nodes are: the type of the bays, the ends or nodes (i and j) and the indication whether the line is single or double, length of the lines and other existing equipment (such as disconnector, circuit breaker, transformers, etc.), the reserve line (if any) and its state (on or off).
For data input, we use a grid modeling technique that seeks to preserve the similarity between the reliability model and the real grid, underlying the reserve grid equipment. In this context, the equipment (such as disconnectors) that by failure lead to the outage of the busbar are included in the equivalent node element. Also, the equipment that by failure lead to the outage of the line (circuit breaker, line disconnector, etc.) or transformers are included in the equivalent grid line element. This solution has the advantage of rapidly identifying the errors.
Starting from the equivalent scheme, the algorithm identifies all combinations of elements that could appear and automatically eliminates, based on an analysis that considers the real dependency among scheme's elements, those states that are impossible to appear. This way, a real state is generated. In Figure 5 , P 0 represents the probability that all elements are in operation.
D. THE STATISTICAL APPROACH FOR RELIABILITY INDICATORS CALCULATION
Usually, in practice one does not know the values of the reliability indicators for the equipment, in particular if it is a new or not yet mature type of equipment. From the literature survey, we noticed that there are few sources that provide failure rates for PV-PP by components. In [11] , the authors state that ''as the failure rates change significantly from one plant to another and from one element to another, it is difficult to assign an average value for failure rates''.
The solution for this problem is the statistical approach. In order to implement the statistical approach, one needs to monitor the behavior of a number of equipment called statistical population during a period of time and then use the results to assess the value of the basic reliability indicators.
Obviously, the general characteristics of the statistical methods also apply here; that is the accuracy of the results is increasing significantly if the statistical population is very large and if the observation duration is very long [28] , [29] .
We make an experiment testing L identical elements under the same conditions during a period t 0 . Also, we suppose that when the experiment is over, l elements out of L are still working. The experiment can be considered as a series of several independent experiences during which one of two events occurs: the element or equipment has failed or has not failed. The l/L ratio is the probability of the second event:
which means that for L big enough with a probability close to 1, approximate equality occurs:
If we need to find P(t) for any t < t 0 , we have to perform experiments during the whole period t 0 and count the moments of occurrence of the defects. To evaluate l(t) that equals to the number of elements that has not yet failed until time t. At the initial time, it has the value l(0) = L. The following equation:
is called the empirical reliability function. It should be noted that if the experiment is performed for a period of time then we cannot say anything about this function outside of the analyzed interval because generally this function cannot be extrapolated.
Because the utility function evaluation (faultless operation) requires a large amount of experiments, the reliability of an element is generally characterized by the average operating duration T 0 of the element [27] :
The average operating duration T 0 can be also evaluated based on statistical observation for a period of time, as follows:
If we assume that an equipment has functioned without defect until time t, we want to determine the probability that it will not fail in the interval (t, t 1 ), this probability we denote with P(t, t 1 ). We note with B the event that the equipment does not fail in the interval (0, t) and with A the event that the equipment will operate in the interval (t, t 1 ). In these conditions, the probability we seek is computed as following:
Considering that A ∩ B event signifies the faultless operation during (0, t 1 ) period then:
The probability that the equipment fails during the period (t, t 1 ) is computed as following:
Considering t 1 = t + t, it becomes:
and we are introducing the notation:
Then:
Thus, one can see that λ(t) is a local parameter of reliability that determines reliability at any time t. We say that λ(t) is the probability that the equipment will be in operation without failure until time t and fail during the next time unit. The smaller is the time unit, the more accurate is this statement.
The function λ(t) is the distribution of the probability density at time t conditioned by the fact that the element or equipment has functioned without a fault until that moment and it is called fault or failure rate of the equipment.
The relationship between the probability of success and the fault rate is the following:
It results that the probability of faultless operation for the entire duration between t 1 and t 2 is:
In order to assess the reliability indicators for an equipment, it is necessary to determine the failure rat and the repair rate. According to [29] , [30] , the values of these indicators are assessed using the following:
where L − l represents the number of failures registered in the statistical population L during the observation period T 0 .
III. CASE STUDY: PV-PP AGIGEA
Identifying the elements or equipment that failed during previous two years and calculating the reliability indicators could assist the future operation and maintenance activities. In our particular case, considering the historical events, we obtain a list of equipment that should be in stocks, so that in case of failure, the replacement is quickly performed and thus the operation could be rapidly resumed. Otherwise, on one hand if failed equipment is not in stock, the PV-PP would partially operate that lead to less number of green certificates or lower income in case of feed-in-tariff. On the other hand, if the stock would be overestimated, we may invest into too many expensive spare parts (such as inverters) in stock that would not be necessary. Based on the theoretical aspects presented in the previous sections, we have developed a methodology for optimization of the maintenance activities and dimensioning of the spare parts for PV-PP Agigea.
A. STRUCTURE OF THE PV-PP AGIGEA
PV-PP Agigea consists of 1810 photovoltaic panels produced by Solar World and 31 SMA Flx Pro 17 type inverters manufactured by SMA, 690 photovoltaic panels with the power of 270 Wp each and 1120 photovoltaic panels with a power of 280Wp each, thus the total installed power (at STC) of PV-PP Agigea is 499.9 kWp.
The panels are arranged on the fixed structure at the angle of 30 • . To ensure the continued voltage at the inverter input, the solar panels are connected in series of 20 pieces each.
Each inverter corresponds to a total of 60 photovoltaic panels, except for the first inverter that has a total of 10 pieces with a power of 270 Wp per panel.
The photovoltaic panels are connected to the inverters as follows:
-I1 -10 photovoltaic panels with a power of 270 Wp each -I2-I10, I12-I13 -60 photovoltaic panels with a power of 270 Wp each -I11 -on the first 2 inputs photovoltaic panels with a power of 280 Wp each (2 × 20 × 280Wp) and on the third input photovoltaic panels with a power of 270 Wp each (1 × 20 × 270Wp) -I14-I31 -60 photovoltaic panels with a power of 280 Wp each.
The inverters' output is ensured using CYABY 5 × 16 mmp cables. These cables are grouped into 12 boxes of connections. The energy is transmitted via ACYABY 3 × 120 + 1 × 70 cables that go from each connection box and reach the transformer station area and then into the 20 kV network via the 0.4/20 kV, 630 kVA step-up transformer.
B. RELIABILITY ANALYSES OF THE PV-PP AGIGEA OPERATION BETWEEN FEBRUARY 2016 AND DECEMBER 2017
In period February 2016 -December 2017, for PV-PP Agigea, the main causes that led to the disconnection of the photovoltaic power plant, its partial functioning or lack of status information are:
• Central unit disconnected through the Thytronic NV10 relay maximum / minimum voltage;
• After reconnection some of the inverters did not synchronize with the network to produce electricity properly;
• Loss of communication at the inverter interface or at the level of the network analyzer (loss of settings);
• Inverter failure and replacement;
• Photovoltaic array disconnected;
• Photovoltaic panel broken. 
1) STATISTICAL DATA FOR 2016
In Table 1 and Figure 6 , the events recorded between February and December 2016 are presented. During these events, the power plant was in failure state. In the Table 2 and Figure 7 , the number and type of the events for each month are presented.
In Table 3 and Figure 8 , the duration of failures (in hours) recorded each month between February and December 2016 is presented. 
2) STATISTICAL DATA FOR 2017
In Table 4 and Figure 9 , the events recorded between January and December 2017 are presented. In Table 5 and Figure 10 , the number and type of the events for each month are presented.
In Table 6 and Figure 11 , the duration of failures (in hours) recorded, for each month for 2017 is presented.
C. INPUT DATA
From the analysis of the presented data, collected for February 2016 -December 2017, the following findings can be underlined:
• Most of the events were due to the Thytronic NV10 relay maximum / minimum voltage triggering (56 events in 2016 and 72 events in 2017), respectively, by means of the minimum voltage element of the Thytronic NV10 relay and UPS triggered by minimum voltage (34 events in 2016 and 18 events in 2017).
• Replacement of an inverter was performed in early 2016.
• A broken photovoltaic panel was discovered in a regular visual inspection. During this failure, the broken panel had a similar operation with the other panels (power, voltage, current, very small reduction in energy production), which made the fault difficult to detect. If it had not been detected at the visual inspection, over time, this malfunction would have led to damage to the electrical circuits and to a significant decrease in panel production.
• On 30.08.2016, during the reinforcement operation of the interface device, the manual arm had been broken, requiring replacement.
• On 19.09.2016, the tie contacts of the cable serving the inverters I14, I15, I16 melted, causing the circuit breaker to be triggered. The breaker and damaged clamps had been replaced. This event led to the replacement of the terminal ends of the conductors connected to the connection clamps (operation performed on 10.10.2016);
• On 06.09.2016 a line was decoupled, namely the line no. 3 in inverter I17, having 20 photovoltaic panels connected. The event was fixed on 07.12.2016 when defective cable repair and replacement of the DC cable plug was performed.
• On 07.06.2017, UPS and USOL type circuit breaker related to I14, I15, I16 were replaced. It is mentioned that prior to performing this operation, the UPS, through its malfunction, generated a series of events during which PV-PP was disconnected.
• On 29.07.2017, the Thytronic NV10 relay control was changed. It is mentioned that after this replacement, the number of events that resulted in the disconnection of the boiler via the maximum / minimum relay voltage Thytronic NV10 was significantly reduced. Under these conditions, it can be concluded that a series of previous disconnections were caused by the malfunctioning of this relay.
D. FAILURE RATES FOR PV-PP AGIGEA
Each component of the PV-PP is characterized by the following reliability parameters:
• λ -the failure intensity associated with defects removed by repair or replacement;
• µ -the repair (or replacement) rate associated with the failures.
Based on the reliability parameters of each component, for a reference period T , the following reliability indicators can be calculated according to [21] and equations (36-39): a) Maximum total annual number of failures: N max b) Maximum duration for restoring the operation after a failure: T Fmax In the first stage of the analysis, we have determined the value of the reliability indicators: failure rate -λ and average number of failures -N avg in the case of equipment requiring replacement during the analyzed period: inverters, photovoltaic panels or circuit breakers.
The total number of these equipment at the PV-PP level is presented in Table 7 . In each of the cases the defect was removed by replacing the defect equipment.
In Table 8 , the values of the assessed failure rate for each type of equipment are presented. It is obvious that the reliability indicators based on statistics are more accurate as time horizon is larger and the statistic population is also large enough. In our case, the operation time was relative small and the size of observed population was also small (the biggest population consists in PV panels -several dozen equipment of the same type).
In order to have a better understanding of how the reliability indicators describe the behavior of the analyzed system, we have made a parameterization of the calculations according to the value of risk, namely r = 0.1; 0.2 and 0.3.
To calculate the maximum number of failures, considering the reference period 8760 hours (one year), the values for the λT are computed in Table 9 .
Thus, the values for N max , for each equipment are presented in Table 10 . It results that N max is 1 for the accepted levels of risk.
E. SENSITIVITY ANALYSES
Under these circumstances, because during the analyzed period, the maximum annual interruptions determined for VOLUME 7, 2019 different values of the assumed risk range (0.1, 0.2, 0.3) is 1 for all three types of equipment (inverter, photovoltaic panel, circuit breaker) that required replacement, it was considered necessary to carry out additional sensitivity analyses, allowing a better understanding of the overall reliability level of the system as a whole, and optimization of the maintenance activity.
In order to elaborate these additional analyses, the number of defects and the failure rate have been identified as significant parameters. Table 11 presents scenarios considered during the analyzed period, referring to the number of replaced equipment. In all analyzed cases, a larger number of defects, respectively replacement equipment than that actually recorded for the PV-PP Agigea, was considered. Table 12 shows the values of the failure rate λ for the proposed sensitivity analyses.
To determine the maximum number of interruptions, Poisson distribution tables are used for values λT (T = 8760 hours). The reliability indicator N max is determined considering the following risk values r: 0.01; 0.05; 0.1; 0.2; 0.3. As compared to the initial analysis, it was considered necessary to extend the margin of risk variation by including lower values (i.e. 0.01, 0.05) that would provide a higher level of safety in terms of not exceeding the maximum annual number of interruptions.
The maximum number of interruptions is determined based on λT values indicated in Table 13 . The results are presented in Table 14 . It can be noticed that in case of failure of 5 inverters out of the total of 31 at the PV-PP level, the maximum annual number of interruptions obtained for a risk of 0.01 is 2.
In the event of a failure of 3, 4, 5, 6 or 7 circuit breakers out of the total of 16 considered at the PV-PP level, the maximum annual number of interruptions for a risk of 0.01 is 2, and in case of failure of 7 circuit breakers, the maximum annual number obtained for a risk of 0.05 is 3. For the rest of the sensitivity analyses (that are not shown in Table 14) , N max is 1. The results (N max ), according to the accepted level of risk, are considered when sizing the stock of the spare parts for PV-PP Agigea.
The additional calculations allow for the determination of the maximum annual number of interruptions for lower values of the assumed risk level in the event of a larger number of defects, namely replaced equipment than the actual one recorded for the Agigea CEF, during the analyzed period.
F. CALCULATION OF THE RELIABILITY INDICATORS
At the level of PV-PP Agigea, a calculation is carried out to determine the following reliability indicators: average annual break time (hours/year), the average number of long-term interruptions, the maximum number of lasting interruptions, the maximum duration of an interruption, where:
-the mean failure (hours/year) over the reference period (T = 8760 hours) represents the total average duration of non-functioning eliminated by repairs and/or replacements over time (0, T ). -the average number of interruptions/year eliminated by repairs and/or replacements during the reference period represents the average number of passes from success states in non-functioning states during time (0, T ), the return in the state of success by performing repairs and/or replacements. -the maximum number of time interruptions eliminated by repairs and / or replacements during the reference period T is the number of interruptions eliminated by repairs during the reference period T , which is determined for a certain level of risk of exceedance r, considering a certain intensity of failure rate. The confidence interval for the maximum number of interruptions was 5%. -the maximum duration of an interruption (hours) is the maximum duration of restoring an interruption during the reference period T , determined for a certain level of risk r. The confidence interval for the maximum duration of an interruption was 10%.
The calculation of the reliability indicators highlights the influence of the connection mode of the PV-PP Agigea to the distribution grid, its own connection and the reliability parameters of the components.
The calculations are performed using the algorithm presented in subsection 2.3 which determines the nodal indicators using the continuous-time Markov chain method, while the maximum values are obtained using the Poisson distribution.
The reliability indicators are determined at 20 kV node at point A (after the 20 kV transformer bay 630 kVA 20/0.4 kV), according to the connection scheme shown in Figure 12 .
The successful state is the presence of the voltage in the node considered for the connection of PV-PP Agigea to the distribution grid. Thus, the criterion for determining the reliability indicators is the presence of tension in the node.
The safety parameters (failure and repair) for the 630 kVA 20/0.4kV transformer were considered according to NTE Table 15 . In Table 16 
IV. CONCLUSION
Maintenance activities are significant in case of the power plants and therefore it is of particular interest to evaluate them while maintaining the quality and quantity of generation. The probabilistic analyses have a long development history and they are useful in various domains of life, each one with its own characteristics, needs and requirements. In this context, different mathematic approaches have been developed in order to fit the particularities of the analyzed systems.
In this paper, we designed a probabilistic model of reliability based on Markov chains, analyzed the reliability indicators (mean values) based on probabilities and proposed an algorithm for reliability maximum values calculation that consist in the maximum number of interruptions N max and maximum duration of one interruption T Fmax , mentioning that equations (36)-(39) are the original contribution of the authors in the context of the maintenance approach. Since the PV components' failure rates are not standardized and they differ based on PV-PP size and environmental conditions, we also proposed a statistical calculation method of the failure rates based on historical incidents. Section 3 is dedicated to the case study: PV-PP Agigea 0.5 MW. The reliability analyses for PV-PP Agigea started by investigating the events over the almost two years (2016 and 2017) and the failure rates by components or equipment and sensitivity analyses considering a higher number of incidents and different levels of error for PV-PP Agigea located in Dobrogea area, in Romania, are calculated based on the statistical approach designed in section 2. Also, reliability indicators (mean values, such as: MTBF, MTTF and maximum values: N max , T Fmax ) are determined, leading to an indicative stock of spare parts for PV-PP Agigea.
It should be noted that due to the limited duration for which the data for PV-PP Agigea was available, the results could be debatable, but this inconvenience was solved by continuing the tracking process and statistical analysis in the coming years. To overcome this inconvenient, additional sensitivity analyses were also carried out considering a larger number of defects, namely replaced equipment than actually recorded.
The risk margin has also been expanded by including lower values to ensure a higher level of safety in terms of not exceeding the maximum annual number of interruptions.
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